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Abstract

Stock return predictability has been extensively considered as a stylized reality.
Theories indicate that returns should change along the time, and various studies have
presented evidence on this point. On the other hand, there is an optimal portfolio in
each regime, and one cannot claim that a specific portfolio can minimize risk and
returns in each regime. On the other hand, the financial conditions index (FCI) is an
important index to specify monetary policy conditions. Regarding the importance of
the issue, this research aims to present a comprehensive index, including all monetary
transmission mechanisms. In this regard, it is attempted to improve the efficiency of
stock return predictability in Iran's economy by incorporating an FCI and identifying
relationships between FCI and stock returns using the TVP-DMA model, which can
resolve shortcomings of traditional models. The study is applied research in terms of
purpose. Seasonal data over the period of April 1991 to July 2019 is used. The results
based on TPV, DMS, and DMA models indicate that liquidity growth rate, economic
growth rate, unemployment rate, exchange rate, financial condition index, oil
revenues, misery index, and budget deficit, has significantly affected factors of stock
returns in 30, 50, 11, 49, 66, 54, 7, and 84 periods of 104 periods, respectively.
Accordingly, budget deficit, financial condition index, oil revenues, and economic
growth are the most effective factors of stock returns predictability in Iran. Further,
the incorporation of flexibility in coefficients of the financial development index leads
to higher forecast accuracy.
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Introduction

Capital market is taken into account as one of the infrastructures for economic
development in developing countries and the main context to achieve the goals
and favorable macroeconomic factors. A dynamic capital market in a specific
process framework and mechanism leads finally to GDP growth and
controlling undesirable economic factors. Since achieving economic growth
and enhancing motivation to invest entails implementing fundamental and
comprehensive policies, creating an appropriate context for investment seems
to be necessary. Therefore, achieving these goals entails the efficient
performance of stock exchanges. Dimensions of the stock exchange and its
influencing mechanisms should be identified to create efficiency in this market,
and this information should be released to participants in this market to
enhance their awareness. The present research aims to challenge current views
on stock returns predictability.

The main issue is considering constant or variable coefficients and factors
influencing stock returns over time. More precisely, identification of factors
affecting the capital market can significantly help investors to choose an
optimal portfolio according to the market condition. However, according to the
information gathered by the researcher, few studies have regarded variable
uncertainties in different regimes on stock market returns within the country.

Goyal and Welch (2008) concluded according to evidence that most of
the models were unstable or even incorrect and even insignificant in-sample
predictors. Their evidence also indicated that the models did not help investors
to use predictability when setting a portfolio. It can be concluded that although
there is evidence for predictability, the evidence is so weak that investors
cannot use them in practice.

One of the most important challenges researchers face is controversies
about potential variables that can be incorporated into the explanatory model.
However, these controversies often have led to the diversity of results.
Econometrists have greatly attempted to solve this problem. For example, one
of the solutions proposed is to perform a sequence of tests to add or remove
variable to the model and hypothesis testing on their significance. However,
these approaches do not lead to satisfactory results due to the invalidity of
hypothesis testing in incorrect specifications and aggregate and consequent
errors (Poirier, 1995). The Bayesian approach for the uncertainty problem is
Bayesian Model Averaging (BMA) (Hoeting et al., 1999), in which the values
are often estimated by a weighted average of the values of specific models. The
weights depend on the extent to which data support the model used, which are
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measured by the posterior probability of the model. Jeffreys (1961) first
founded BMA, and Leamer (1978) developed the method.

In contrast to the classical approach, in which statistical inference is used
to test the significance of coefficients, the Bayesian approach bases on
statistical analysis and probability distributions. The Bayesian approach is
based on the Bayes theorem, which itself is based on inductive logic. In spite of
the deductive logic, in which often “when a hypothesis is true, the result is also
true,” in the inductive logic, the trueness is probabilistic, and the correctness!]
degree is assessed based on the number of interpretations and models in which
the theorem satisfies (Gower, 1997).

In other words, a group of features is required to be able to improve the
efficiency of forecasting models. For example, considering variations in
volatilities over time is important because it improves the flexibility of
forecasts, and estimation risk is important because the investor cannot be
ensured that the forecasts have high certainty. Brenan (1998), Stambaugh
(1999), and Barberis (2000) pointed out that disregarding each of these parts
leads to a misleading viewpoint about the risk.

Accordingly, this research attempts to create an advantage for stock
returns predictability using the time parameter. In this way, we can examine the
approach that assumes volatilities are constant in regression models, and
investors do not take into account volatilities and estimation risks.

Another problem that can be regarded is that whether incorporating
monetary conditions indices (traditional view) and FCI (developed view) can
increase stock returns predictability. In other words, whether or not localization
of financial conditions indices based on specific conditions of Iran’s economy
can improve the results of forecasts. A great deal of discussions has been
conducted about the role of other asset prices on monetary transmission
mechanisms. Accordingly, in this stage, the main problem is to determine the
weights of factors affecting an FCI tailored to the specific conditions of Iran’s
economy over time and to identify how this index influences stock returns
predictability. Based on the discussions above, the research aims to deal with
various problems as follows:

What are the most important factors affecting stock returns over time?
How the factors affect stock returns over time?

The highest weight of the factors affecting stock returns is related to which
variable?
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How much is the likelihood that the factors affect stock returns over time?

How is the impact of financial condition index on the stock returns in the case
of time-varying coefficients, compared with constant coefficients?

The variety of the problems raised to the current study is due to the
complex relationship between variables and numerous factors affecting stock
returns predictability over time.

The rest of the paper is organized as follows. Section 2 presents
theoretical foundations and a review of relevant empirical research, and
Section 3 provides the methodology for estimation. The model estimation is
presented in Section 4. Finally, Section 5 concludes the paper and presents
policy recommendations.

Background

The portfolio theory and Fisher’s fundamental theory can be used to examine
the relationship between the stock price index and macroeconomic factors. The
portfolio theory refers to the selection of an efficient portfolio regarding
effective factors. Some financial assets such as bank deposits have constant and
certain and risk-free returns, and some others, such as stocks and currency,
have uncertain and risky returns. Since individuals hold various combinations
of cash, stocks, bank deposits, securities, gold, and currencies in their
portfolios, the changes in monetary volume, exchange rate, bank interest rate,
and inflation rate affect individuals’ demand for maintaining each of these
parts such as demand for stocks, which itself affects stock prices (Karimzadeh,
2006).

Fisher’s fundamental hypothesis is used to build a theoretical framework
for the relationship between the stock price index and macroeconomic
variables. Fisher’s fundamental equation represents the real interest rate as the
differentiation of the nominal interest rate and inflation rate, as follows.

R =R —INF, (1)

Where R, represents the real interest rate, R is the nominal interest rate,

and INF, is the inflation rate. Fisher also proposed such an equation for stock
returns, as follows.

RS, =RS!" - INF, )

where RS, represents the real stock return and RS," is the nominal stock return.(3)
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Fama (1981) noted that some monetary macroeconomic variables such as
liquidity and interest rate are neglected in Fisher’s equation. Regarding the
relationship between the money market and capital market, Fama used a money
market equilibrium to prove his claim. Money market equilibrium equation is
expressed for stock prices as follows:

LnRS, = g, + A.LnY, + B,R, + S;LnM, + B,P, +U, 4)

In the next section, how real and monetary variables affect stock exchange is
discussed (Fama, 1981).

Financial condition index

A financial condition index indicates the state of the economy in the future that
can be viewed in current financial variables (Hatzius et al., 2010). A financial
condition index is a summary of current financial variables that somewhat can
forecast the future state of a country’s economic activities (Gonzales et al.,
2013).

Deriving an FCI in each country is done via adding a specific variable.
For example, in Sweden, housing prices are incorporated to create an FCI. The
results indicated that housing prices had increased the forecast power of FCI
for inflation, compared with traditional MCI. The same process is implemented
in Swiss by adding the prices of housing and stock (Zulkhibr, 2011).

According to all economic viewpoints, except for the school of real
business cycles, monetary policies affect real economic variables, at least in the
short-run. Therefore, the question is that under which mechanisms and through
which channels the effects of the monetary policy spread to the economy, and
production and inflation are affected?

Boivin et al. (2010) divided the monetary transmission mechanism into
two main types, namely, neoclassical channels, in which financial markets are
perfect and non-neoclassical channels that include imperfect financial markets.

A summary of relevant research is presented as follows.

Jabeenm et al. (2019) proposed some types of FCI for Pakistan using a
wide variety of financial and economic variables. They estimated an FCI using
the time variable over the period 1969-2016 using seasonal data. Their model
presented three versions of FCI, i.e., TVP-FAVARs, FA-TVP-VARs, and
Heteroscedastic FAVAR. The results indicated that the incorporation of
flexible coefficients in FCI improved the power of FCI in forecasting the
stance of economic indices in Pakistan.
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Kapetanios et al. (2018) attempted to formulate an FCI for the U.K.
economy. They used the partial least squares approach to determine the most
important variables affecting the FCI. They tried to identify how the chosen
variables affect production, inflation, and capital market using the SVAR
model. Their result indicated that the use of the CFI in the forecast of selected
variables led to increased forecast accuracy.

Koop and Korobilis (2013), using a factor augmented vector
autoregressive model with time-varying parameters, attempted to define an FCI
and tried to determine effective weights in the FCI over time. Moreover, they
allowed effective factors of FCI to change over time by developing the method
to DMA and DMS approaches. They found that variable factors of the FCI and
varying parameters led to improved forecasts.

Taheri-Bazkhaneh et al. (2018) examined dynamic relationships between
financial cycles and business cycles and inflation gap in Iran’s economy over
the period from April 1990 to July 2016. For this purpose, an FCI was first
formulated for Iran’s economy. Further, using the causality test in the
frequency domain, horizons available to forecast economic growth by the FCI
was determined. Then, new maximal overlap discrete wavelet transforms
(MODWT) and continuous wavelet transform (CWT) tools were used to
inspect the research purpose and analysis in the frequency domain and time-
frequency domain. The results indicated that the relationship between financial
cycles and business cycles was bilateral and highly unstable in the short run
and long run. In the medium run, the variable of business cycles was the
leading variable, but phase transitions between the two variables in the 1990s
were distinct from those in the 2000s. In the short run, there was a bilateral and
unstable relationship between financial cycles and the inflation gap. Moreover,
financial cycles caused inflation to keep out of its long-run trend. However,
this relationship was inverted in the long run and after 2007. Regarding the
results of the research, monetary policy-makers were suggested, besides
smoothing output and inflation around their long-run trends, to take into
account these results for the financial sector too, to be able to achieve the goals
above in various horizons with lower errors.

Methodology

An applied methodology is used regarding the research purpose. Concerning
the subject and purpose, the most appropriate approach in this research is the
econometric method. Time series data over the period 1991-2019 was taken
from Iran’s Central Bank and Statistics Organization. EViews 10 and
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MATLAB 2018 software packages are used. In what follows, the research
variables are modeled using the Time-varying Parameter- Dynamic Model
Averaging (TVP-DMA) model.

The main characteristic of the dynamic programming approach is two
features. First, dynamic programming puts a specific problem into a family of
control problems. Then, for each member of the problems family, the optimal
value of V" functional is initially considered not the properties of the path to

the optimal state of y*(t), like calculus of variations, and not the path to the
optimal control ofU *(t), like optimal control theory.

As discussed, the standard form of space-state models is as follows:
Ve = 20 + € )
Or = 0r 1+ 1t (6)

where y, is the dependent variable, z, = [1,x;_1,Vt—1,"*,Ys—p] iS @
1 X m vector of estimators of the intercept and lag of the dependent variable,
and 6, = [(pt_l, Bi-1,Vi-1, ---,yt_p] iIsan m X 1 vector of coefficients (states).
Further, e,~N (0,H;) and u;~ (0,Q;) have normal distributions with zero
mean and variances H, and Q.. These models have several advantages, of
which the main advantage is enabling the user to change estimated coefficients
in each time. However, they suffer the shortcoming that when the value of z; is
very large, the estimations are not reliable. Generalized models of TVP such as
TVP-VAR are also affected by this problem. An appropriate development to
this model has proposed by Grovin et al. (2008), in which uncertainties in the
behavior of estimators were incorporated into the model, as follows.

Ve = 27;1 5j9jtzjt + & (7)

where 6;; and z;, are the jth element of 6, and z., respectively. The
notable point is the inclusion of the variable s; € {0, 1}, a permanent variable
taking values 0 or 1 for each estimator (Hoogerheide et al., 2009). Then,
Raftery (2010) proposed the DMA approach that resolved all shortcomings of
the previous approaches. Indeed, the method mentioned could estimate large-
scale models in each moment, and it allowed changing the input variables in
each time.

Bayesian inference is theoretically simple, but its calculation is somewhat
impossible in dynamic models because the size of P is very large. Note that in
models that there are m variables to estimate the model, each variable can be
an appropriate estimator for the dependent variable. In this case, P isa K X K
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matrix, where K = 2™. If m is not very small, the number of parameters in P is
very large, and the computations are very slow and complex. Therefore, a fully
Bayesian approach to dynamic models is really hard and almost impossible.

In this research, the approach proposed by Raftery et al. (2010) is used.
This approach enables us to increase the forecast accuracy of estimated space-
state models using the Kalman filter. (Tsionas et al.,2019)

The DMA approach introduced by Raftery et al. (2010) includes two
parameters « and S called forgetting factors. For the fixed H; and Q;, standard
filtering results can be used for recursive estimation or forecast. Kalman
filtering is initiated by the following expression.

01 ly*~'~N (ét—lizt—llt—l) (8)

In expression (17), 6,_, and Yt—1jt—1 are calculated via a standard

manner since these values are functions of H, and Q;. Then, the Kalman
filtering process is continued based on the following relation.

9t|yt_1~N (gt—l:Ztlt—l) )

Since Yi_1t-1 = Xe-1je-1 +Q; for simplicity, Raftery et al. (2010) replaced
Yi-1lt-1 = De-1)e-1 Q¢ With X1 = %Zt—nt—l- Accordingly, Q;=(1-
B Y qje-1 With0 < B < 1.

In the econometrics, the forgetting factors approach was used by Doan et
al. (1980) after the TVP-sVAR method because of its limited estimation power.
The name forgetting factors is due to the fact that observations of the previous
j periods had the weight 7. A value close to 1 for B represents a more gradual
variation. Choosing an appropriate value for g is very important, and it is
usually assumed between 90 to 99 per cent.

Note that by replacing the equation and simplicity, Q; is not required to
be estimated and simulated, and, instead, sufficient potential for estimating H,
will exist. The model estimation will be complete by constant estimators and
updating function below.

O¢lyt~N (étJZHt) (10)
where

~ ~ ,\—1 ~

0 =01+ Ztlt—l Zt(Ht + Z; Ztlt—l Zt) (}’t - Ztgt—l) (11)

, \—1
Ztlt = Ztlt—l - Ztlt—l Zt(Ht + z; Zt|t—1 Zt) 1) tlt—1 (12)
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The following relation is used to implement recursive forecast by the
predictive distribution.

ytlyt_1~N(Zt§t—1th + z; Ztlt—lz,t) (13)

In this research, the approach proposed by Raftery et al. (2010) is used in
which a forgetting factor « is introduced for the state equation and different
estimation models. This forgetting factor can be compared with the forgetting
factor of the state equation for parameters, i.e., f. Similar to the DMA
approach, the results are as follows.

P @t [y = ZKeap (08 Ly = kY™™ Pr(lecy = byt (14)

The expression p (Ht(’_‘)l |L.—; = k,y*™1) is obtained by equation (26). For
convenience, we assume m.; = Pr (L, = 1|,y®). Accordingly, we have
Pr(Le-y =k, ¥y ) = Tr_qt—1k-

If we use the infinite matrix of probability transitions P with elements p;;,
the forecast function of the model is as follows.

Tele-1k = Dot Te—1|t—1,1 Pkl (15)

Raftery et al. (2010) replaced the equation above by the following one.

&

Whenever 0 < a < 1, a will have a behavior similar to that of 8. The use
of a has the great advantage that it does not require the MCMC algorithm, and,
further, a simple way for evaluation and comparison with updating function of
Kalman filter is created. The updating function is as follows:

1k Pr eyt

the 2{<=1 T[ﬁt_l‘[pl (ytlyt_l)

) (17)

where p; (v¢|yt™1) is the posterior predictive distribution for model [
(normal distribution in equation (26)), which is estimated in terms of y. The
recursive forecast can be obtained by weighted averaging using the weights
Tr¢|t—1,k ACross posterior outcomes of each model. Therefore, the point forecasts
for DMA are estimated as follows.

E (yelyt™) =Xk, Tt|t-1,k Zt(k)ét(ﬂ (18)

In the DMS approach, a model having the highest value of m.;_q in
each point of time is selected. To better understand the forgetting factor a, note
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that this specification denotes the weight each model has at each time, as
presented below.
Tit-1,k X [7Tt—1|t—2,kpk (Yt—1|yt_2) ]a = Hfi[Pk (Yt—ilyt_l_l) ]a (19)
Therefore, whenever the kth model has been forecasted good in past
periods, it has a higher weight (the forecast is evaluated by the posterior
predictive distribution p; (yt_i|yt‘i‘1)). The interpretation of the current
period is controlled by the forgetting factor a, and, similar to 8, an exponential
decrease in the rate of a’ exists for observations of the previous i periods.
Accordingly, if @ = 0.99, the performance of the forecast in the recent five
periods has a weight equal to 80% of the current period. Also, if @ = 0.95, the
performance of the forecast in the recent five periods has a weight equal to
35% of the last period. Therefore, when a = 1, m;._1  iS measured strictly
based on the marginal likelihood of the period t — 1. This approach, called
BMA. If B = 1, BMA uses the linear forecast model with constant coefficients
over time. Then, the recursive estimation of the model presented is initiated by
previous values for m|o , and Ho(k) (k =1,2,-+,K). The only point left is how

to calculate H,. Raftery et al. (2010) assumed Ht(k) = H® and proposed to use
a fixed estimation instead. Nevertheless, to forecast some variables, the
variance of error across time is required. Theoretically, we can use a stochastic
volatilities model or ARCH for Ht(k). However, this approach increases the
computation domain substantially. Accordingly, the present research uses an

Exponentially Weighted Moving Average (EWMA) method to obtain Ht("”).

Ht(k) = \/ 1-¢) Xjer /7t (v — Zj(k)éj(k)) : (20)

EWMA estimators are often used in time-varying volatility models in
financial sections. Here, ¢ is a discount factor. See Risk Metrics (1996) for a
discussion on these models. In the Risk Metrics, the value of ¢ was assumed
0.97 for monthly data, 0.98 for seasonal data, and 0.94 for daily data. One of
the advantages of the EWMA approach is that it is estimated by a recursive
formula, which can be used to forecast volatilities. The forecast for period
t + 1 based on the information of the period t is as follows:

1 In this research, this approach also is used, examined, and compared as an alternative to the
DMA approach.
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= (k = (k ~(k))?
AL = oA, + 1 - )(y; - 28P) (21)
In this model, the variables, based on which the dependent variable is
estimated, are used in different time horizons. (22)

To examine a forecasting model or choosing the best model among
different models for time-series, an indicator is required by which we decide on
the acceptance or rejection of the model. Generally, the more the forecasted
values (X,) are close to their actual values (X,), the higher the accuracy of the
model is. Therefore, the quality of a model can be assessed by the forecast
error (X, — X,). Accordingly, since one of the objectives of the present study is
to compare the performance of forecasting methods, we use two criteria,
namely, mean squared forecast error (MSFE) and mean absolute forecast error
(MAFE), as follows.

ZI=TO [yz—E (y¢|Data,_p) 1?
T—To +1

MSFE = (23)

ZZ=10+1 [y:—E (y:|Data;_p)]
T—To +1

MAFE =

(24)

where Data,_;, stands for information obtained from the period T — h, h
is the period of forecast, and E (y;|Data,_p)is the point forecast of y>
(Mehmet et al. 2018).

Research findings

In this section, the impact of variables affecting stock return over time is
estimated. Since one of the effective factors is financial condition index, first,
we attempt to identify important factors affecting this index. To measure FCI,
we should derive the weights. For this purpose, the demand equation, which
contains all monetary transmission mechanisms, should be estimated. Thus,
according to Goodhart and Hofmann (2001) and Zulhkibr (2011) and regarding
the specific conditions of Iran’s economy, the aggregate demand function is
expended. Accordingly, the impact of the exchange rate, inflation rate, stock
returns, changes in bank deposits, housing prices, credit volume, and oil
revenue index (since the country’s economy depends on oil revenues) are
incorporated in the model.

In the following, the results of the TVP-DMA approach are presented to
estimate the financial condition index. Table 1 represents the values of MAFE
and MSFE obtained by the estimation of DMA and DMS.
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Table 1. A comparison of different models based on the Kalman filter

Parameters Flexibility Values MAFE MSFE
DMAa = =0/99 7/1 272/73
DMS a = 8 =0/99 4/85 646/13
DMA a = 8 = 0/90 6/12 140/489
DMS a =8 =0/90 3/713 91/68
DMA a = 8 = 0/95 6/76 266/3
DMS a = 8 = 0/95 4/31 104/004

DMA a = 0/99; 8 = 0/90 6/11 142/95
DMS a = 0/99; B = 0/90 4/17 103/731
DMA a = 0/99; B = =0/95 6/74 207/429
DMS a= 0/99; B == 0/95 4/446 97/859
DMA a = 0/908 = 0/99 7/07 319/283
DMS a = 0/90; 8 = 0/99 3/36 31/19
DMA a == 0/95 8 = 0/99 7/075 292/606
DMS a = =0/95; B = 0/99 4/557 140/676
DMAa =18 =0/99 7/097 268/394
DMS a =1; B =0/99 5/174 162/207
DMAa =18 =0/95 6/74 204/98
DMS @ =1; B =0/95 4/52 98/88
DMAa =1 =0/90 6/12 143/43
DMS a =1; f =0/90 4/81 666/06
DMA @=0/99; f =1 7/12 270/2
DMS @==0/99; f =1 4/72 142/09
DMA @=/958 =1 7/065 286/286
DMS @=0/95; f =1 4/35 135/701
DMA a#=/908 =1 7/03 307/637
DMS &=0/90; g =1 3/24 28/08
DMAa=1;p=1 7/127 266/789
DMS a=1;p8=1 4/81 143/547

Parameters Flexibility Values MAFE MSFE
DMAa =8 = 0/99 7/1 272/73
DMS a = 8 = 0/99 4/85 646/13
DMA a = 8 = 0/90 6/12 140/489
DMS a = 8 = 0/90 3/713 91/68
DMA a = 8 =0/95 6/76 266/3
DMS a = = 0/95 4/31 104/004

DMA a = 0/99; B = 0/90 6/11 142/95
DMS a = 0/99; B = 0/90 4/17 103/731
DMA a = 0/99; B = =0/95 6/74 207/429
DMS a= 0/99; B = =0/95 4/446 97/859
DMA a = 0/908 = 0/99 7/07 319/283
DMS a = 0/90; 8 = 0/99 3/36 31/19
DMA a == 0/95 B = 0/99 7/075 292/606
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DMS a ==0/95; B = 0/99 4/557 140/676
DMAa=1p=0/99 7/097 268/394
DMSa =1, =0/99 5/174 162/207
DMAa=1p=0/95 6/74 204/98
DMSa=1;8=0/95 4/52 98/88
DMAa=1p4=0/90 6/12 143/43
DMS a =1; 8 =0/90 4/81 666/06
DMA &#=0/99; B =1 7/12 270/2

DMS a==0/99; B =1 4/72 142/09
DMAa=/95F=1 7/065 286/286
DMS &=0/95; f =1 4/35 135/701
DMAa=/90p=1 7/03 307/637
DMS &#=0/90; f =1 3/24 28/08

DMAa=1;=1 7/127 266/789
DMS a=1;8=1 4/81 143/547

Since variations of a and 8 usually range between 0.90 and 1, all relevant

cases have been presented in Table 1. The results in Table 1 indicate that the
DMA & DMS $=0/99; a =0 /90 model, has higher accuracy. Therefore, the
rest of the results are calculated based on this model.

The total impact of each variable in the whole of periods is specified by

the number of periods that the target variable has affected the financial
condition index. The results of the TVP-DMA model are presented in Table 2.

Table 2. Prioritization of variables affecting the aggregate demand

Number of
Variable Index affecting Priority
periods
1 First Lag of Exchange rate er 1 51 6
2 Current period exchange rate er 0 38 11
3 Current period inflation PO 55 3
4 First Lag of inflation P 1 39 10
5 Current period housing HO 53 4
6 First Lag of housing H1 51 5
7 Current period bank deposit sr 0 25 13
8 First Lag of bank deposit sr 1 27 12
9 Current period stock return gy 0 41 9
10 First Lag of istock return gy 1 44 8
11 Current period credit volume DD_0 56 1
12 First Lag of credit volume DD_1 58 2
13 Current period oil revenue TROIL_0 22 14
14 First Lag of oil revenue TROIL_1 50 7
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According to the results, credit volume in the current period and the first
lag, inflation rate in the current period, housing price in the current period, and
credit volume in the first lag were the most effective factors of aggregate
demand. The probability with which each variable affects the aggregate
demand in various periods is now considered. These probabilities help policy-
makers to have a true insight into how and to what extent a policy affects the
aggregate demand when implementing that policy.

Finally, the FCI is measured in terms of the coefficients of the seven
variables above in the current period and previous lag multiplied by the
probability of the variable being effective in the target index. In other words,
for example for the year 1991 the FCI is obtained as follows:

FCI 1991-1 = The share of inflation from the total coefficients in the
current period of the first season in the year 1991xThe probability of inflation
occurring in the current period of the first season in the year 1991xInflation in
the current period of the first season in the year 1991+The share of inflation
from the total coefficients in the first lag of the first season in the year
1991xThe probability of inflation occurring in the first lag of the first season in
the year 1991xInflation in the first lag of the first season in the year 1991+The
share of exchange rates from the total coefficients in the current period of the
first season in the year 1991xThe probability of exchange rates occurring in the
current period of the first season in the year 1991xExchange rates in the
current period of the first season in the year 1991+The share of exchange rates
from the total coefficients in the first lag of the first season in the year
1991xThe probability of exchange rates occurring in the first lag of the first
season in the year 1991xExchange rates in the first lag of the first season in the
year 1991+The share of housing prices from the total coefficients in the current
period of the first season in the year 1991xThe probability of housing prices
occurring in the current period of the first season in the year 1991xHousing
prices in the current period of the first season in the year 1991+The share of
housing prices from the total coefficients in the first lag of the first season in
the year 1991xThe probability of housing prices occurring in the first lag of the
first season in the year 1991xHousing prices in the first lag of the first season
in the year 1991+The share of oil revenues from the total coefficients in the
current period of the first season in the year 1991xThe probability of oil
revenues occurring in the current period of the first season in the year
1991xQil revenues in the current period of the first season in the year
1991+The share of oil revenues from the total coefficients in the first lag of the
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first season in the year 1991xThe probability of oil revenues occurring in the
first lag of the first season in the year 1991xQil revenues in the first lag of the
first season in the year 1991+The share of stock returns from the total
coefficients in the current period of the first season in the year 1991xThe
probability of stock returns occurring in the current period of the first season in
the year 1991xStock returns in the current period of the first season in the year
1991+The share of stock returns from the total coefficients in the first lag of
the first season in the year 1991xThe probability of stock returns occurring in
the first lag of the first season in the year 1991xStock returns in the first lag of
the first season in the year 1991+The share of bank deposit rates from the total
coefficients in the current period of the first season in the year 1991xThe
probability of bank deposit rates occurring in the current period of the first
season in the year 1991xBank deposit rates in the current period of the first
season in the year 1991+The share of bank deposit rates from the total
coefficients in the first lag of the first season in the year 1991xThe probability
of bank deposit rates occurring in the first lag of the first season in the year
1991xBank deposit rates in the first lag of the first season in the year
1991+The share of credit volumes from the total coefficients in the current
period of the first season in the year 1991xThe probability of credit volumes
occurring in the current period of the first season in the year 1991xCredit
volumes in the current period of the first season in the year 1991+The share of
credit volumes from the total coefficients in the first lag of the first season in
the year 1991xThe probability of credit volumes occurring in the first lag of
the first season in the year 1991xCredit volumes in the first lag of the first
season in the year 1991

A similar formula is used for subsequent seasons and years. Note that if a
variable has a zero coefficient or occurrence probability, it is removed
systematically from the FCI. After measuring the FCI, the impact of this
variable on stock returns is examined.

Results of TVP-DMA and factors affecting stock returns

In this section, the results of the TVP-DMA approach are presented.
Table 3 shows the indices of the goodness-of-fit to determine the optimal
model. The values of forecast log-likelihood, MAFE, and MSFE for the
various DMA and DMS models are presented.
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Table 3. Comparison of different models by the Kalman filter

. Forecasting MA | MS | log(P
Forecasting Method MAFE | MSFE | log(PL) Method FE FE |1
DMAa=£=0.99 | 0119 | 0040 | -0206 | PMA@=1F=/135 /093 | 0412

0.99 0 0 -

o DMSa=1;8 | /121 | /041 | 0314
DMS a = 8 = 0. 99 0/124 | 0035 | -0.187 =6 9 s >
DMA « = 8 =0.90 0131 | o046 | -0351 | DMA@=1B= /134 /063 | 0315

0. 95 0 0 -

o DMSa=1;8 | /114 | /039 | 0.412
DMS = =0. 90 0123 | 0041 | -0322 0 08 o 15 '
DMA @ =(=0.95 0132 | 0043 | -0310 | PMA@=1[= /128 | /052 1 0.413

0.90 0 0 -
DMS a = =0.95 o4z | 0037 | -0375 | PMS@=LB | /666 | /046 | 0398
=0.90 0 0 -
DMA @ =0.99; 3=0.90 | 0/141 | 0/051 | -0.244 DM'}‘le 0.99 /1017 /08‘0 0.187
DMS @ =0.99; =0.90 | 0/127 | 0/045 | -0.314 DMSK“::lO'gg; 07| 1034 0341
DMA @ =0.99; £=0.95 | 0/129 | 0/045 | -0.291 DMAI‘;";ZI 0.95 7|08 03
DMS a=0.99; $=0.95 | 0/107 | 0/039 | -0.344 DMSB“_Zlo'%; “001 /033 0'4{12
DMA a =0.90
B=1
(calculating
DMA ¢ =0.908=0.99 | 0/189 | 0/037 | -0322 FClwith | /072 | /029 | 0209
variable
coefficients in
optimal model)
DMS a =0.90;
B=1
(calculating
DMS@=0.90;4=0.99 | 0098 | 0031 | -0274 | FClwith | /0! | /066 | 0214
variable
coefficients in
optimal model)
DMA@=0.958=0.99 | 0/124 | 0011 | -0211 DMA:“l: LB /696 | 046 | 0341
DMS @ =0.95; £=0.99 | 0/142 /0%12 0329 | PMS “1:1; B= /1(}0 /035 0314
DMS a =0.90; B = 1 D'W;‘;‘ 1 090
(caleulating FClwith -, 203 | ps6 | 0885 | (calculating | /098 | /231 | 0-714
variable coefficients in FCl with 3 1 -

optimal model)

constant
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coefficients in
optimal model)

DMA a =0; B

DMS « =0, 8 = 0=OLS (C:alocza't-iﬁg

(assumlng all variables 2359 | 3208 | -1351 ECI with /308 | /812 | 1.713

affecting stock return, constant 4 3 -
constant)

coefficients in
optimal model)

The results shown in Table 4 indicate that models DMS a =0.90; g =1
and DMA a = 0.90 B = 1 have the highest accuracy, and, accordingly, other
results are calculated based on these models.

The penultimate row shows the estimation results without the flexibility
of coefficients of the financial condition index in the optimal model. As seen in
this row, compared with the case in which the flexibility is incorporated for the
coefficients, the estimation error is higher. Consequently, flexible coefficients
improve the results of the forecast. The last row represents the results of the
case in which the coefficients of all variables affecting stock returns are not
considered flexible. This row, which is equivalent to the estimates of the OLS
approach, reveals that the estimation error is very high without the flexibility of
the coefficients. Therefore, considering flexible coefficients for variables
improves the forecasting results.

The number of periods (rows) in which a variable has been effective in
stock returns should be counted. These numbers represent the overall impact of
each variable in the whole period. For example, the liquidity growth rate
appears in 30 periods in table 4, but the exchange rate is present in 49 periods.
The results are summarized in Table 4.

Table 4. Prioritization of variables affecting stock returns

Variable Index Perlc_st of Priority
effectiveness
1 Misery Index unp_0 21 7
2 Exchange Rate er 0 54 6
3 Liquidity Growth m_0 77 2
4 Economic Growth gdp 0 11 5
5 FCI sr 0 78 3
6 Oil Revenues troil 0 65 4
7 Unemployment Rate un 0 19 8
8 Budget Deficit bd 0 91 1

According to the results, budget deficit, financial condition index, oil
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revenues, economic growth, exchange rates, liquidity, unemployment, and
misery index have been the most important factors of stock returns in the
period studied.

The probability of each variable being effective in stock returns in various
periods has been considered. These probabilities help policymakers to have a
true insight into how and to what extent a target policy affects stock returns.

Regarding the coefficients and occurrence probabilities of the variables
affecting stock returns, an out-of-sample forecast of stock returns is carried out.
Note that, in each period, each variable that has had an occurrence probability
higher than 50% has been incorporated in the model in estimating the
coefficient of that period. In other words, the coefficient for a target period has
been calculated based on the variables affecting stock returns in that period.

Figl. The actual and out-of-sample predicted values using the outputs of the optimal model

According to the results, the out-of-sample forecast of stock returns
indicates a positive and increasing future trend for this variable.

Conclusion and policy recommendations

The results indicate that stock returns are affected by economic growth
and budget (real variables) and financial condition index and oil revenues
(nominal variables) simultaneously. Accordingly, the stock returns forecast for
Iran is a multidimensional and complex process, and an accurate forecast of the
future trend in this market is not possible merely by implementing financial
and monetary policies (demand-side policies), which only change the demand
and affect nominal variables in the long run.
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On the other hand, a high probability of variables being affective in stock
returns in different periods indicates that various factors affect stock returns in
each period. Therefore, a systemic view is required to provide a more realistic
understanding of the effective factors of stock returns to improve the state of
the stock market.

Regarding the implications on the positive impact of economic growth
and inflation on stock returns, implementation of demand-side policies is
recommended to be considered because these policies, besides increasing
production and employment, reduce inflation and thus improve stock returns.

Regarding the negative impact of financial condition index on stock
returns, the expansion of financial condition policies, establishment of
specialized stock exchange markets, and development of financing methods for
firms active in stock exchange are required to be planned.

The results indicate that the FCI can forecast future levels of stock returns
with higher accuracy. Accordingly, overlooking this variable not only means
missing this effective information, but also leads to a bias in analyses of the
central bank and stock exchange
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